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Abstract:
Background: Pesticides are commonly used in agrarian areas to control for certain forms of
undesirable plant or animal life. The widespread use of pesticides and the variety of chemicals
that make up this class pose adverse health effects to those exposed to pesticides. Farmers often
use multiple pesticides, and their use is often correlated with other pesticides. However, analyses
typically examine each pesticide individually and mixture analysis is not as heavily considered.
To further evaluate the exposure of pesticide usage, hierarchical clustering methods were used to
identify similar questionnaire response patterns 1. This technique has been used to quantify
homogenous exposure estimates 1,2 to systematically group participants based on similarity
patterns. High pesticide exposure, specifically two widely used herbicides pendimethalin and
atrazine3, has been associated with altered kidney function, although the relationship between
individual pesticides and classes of pesticides and kidney dysfunction has not been well studied.
Farmers are exposed to several pesticides frequently but the extent to which they are at risk of
kidney dysfunction is unclear. Thus, clustering may be an effective strategy to assess mixtures
and their association with a health outcome. This study will use cluster models to identify groups
of farmers with similar pesticide usage in the workplace or home & garden use, explore the
characteristics that differentiate those clusters, and evaluate the association of each grouping with
kidney function.
Methods: The study population consists of male farmers in the Biomarkers of Exposure and
Effect in Agriculture (BEEA) study, a sub cohort in the Agricultural Health Study (AHS), a large
cohort study of pesticide applicators in Iowa and North Carolina. AHS began in 1993 with the
goal of answering important questions about how agricultural, lifestyle and genetic factors affect
the health of farming populations. The subjects completed questionnaires that assessed their
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farming activities such as crops and animals they farmed, as well as what type of pesticides and
how frequently they were used. Due to the high volume of data and similarity that may arise in
questionnaire responses, I used hierarchical clustering to see if there were distinct groups of
pesticide use in the BEEA population. Two cluster models were built, one on occupational usage
that includes the number of days each of the 94 pesticides were used, and one on home/garden
use, which used only yes/no variables for the 145 pesticides. The days of use variable that
assessed the number of days in the last 12 months a pesticide was used was clustered. I then
evaluated cluster models with different parameters. Each cluster model used ward’s linkage
method for hierarchical clustering and the Duda-Hart stopping rule to indicate how many clusters
to retain. To examine the characteristics of each cluster, I used word clouds to visualize which
pesticides and farming practices were most prevalent and logistic regression to show the
likelihood of a pesticide, crop, or animal occurring in that cluster. Multivariable linear and
logistic regression was used to examine associations of the clusters from both the occupational
and home/garden pesticide cluster models with estimated glomerular filtration rate (eGFR), a
continuous variable, and chronic kidney disease (CKD)3, a dichotomous variable.
Results: In the occupational use of pesticides, glyphosate was found to be the predominant
pesticide used amongst all 1,681 active farmers (N = 972). Ward’s linkage method identified six
clusters. A logistic regression showed that glyphosate and atrazine was more likely to be used in
cluster 3 vs. all other clusters. Likewise, a pesticide such as atrazine was less likely to be used in
cluster 4 than all other clusters. Other crops and animals such as tobacco or dairy were found to
be in significantly higher or lower odds of one cluster than others. The exposure effects of the
pesticide clusters and kidney function association were not significant. Compared to the
reference cluster, which had minimal pesticide use and limited farming in the last 12 months, the
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other were not significant predictors of eGFR and marginally significant predictors of CKD
prevalence. For pesticides that were used in the home and garden, a similar methodology resulted
in seven clusters. Like the occupational pesticides, no home/garden cluster had a significant
association with kidney function.
Conclusions: The combination effects as well as the difficulties in assessing each individual
pesticide makes clustering a beneficial strategy in epidemiologic questionnaire studies especially
if there are multiple correlated and related questions. Some questionnaires will benefit greatly
from a cluster analysis as characteristics such as multiple correlated and related questions allow
researchers to group together. This study generates hypotheses given the results obtained from
word clouds and logistic regression, and I can apply these methods to other future studies. While
there was an inconclusive association between the cluster models and eGFR and CKD, that may
be due to a more homogenous study population. The methods developed in this project can be
applied in other populations where I may be able to find which pesticides and groups of farmers
are most vulnerable to decreased kidney function.
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Chapter 1: Introduction
Farmers’ exposure to pesticides have been long documented to cause undesirable effects to
human health and the environment4. The use of pesticides to control pests and prevent crop yield
loss comes with its harms such as chemical contamination. Pesticides can accumulate in humans
and cause chronic effects, but there are also difficulties in defining chronic exposure and disease
outcomes given confounding variables such as lifestyle, occupation, and diet 5. Due to the wide
and persistent use of pesticides, a risk assessment of pesticides in agriculture state that severe
acute poisonings may result even in low-level exposures6. More research is needed to fully
understand the etiology of pesticide-related effects, as is our distinction of occupational exposure
and home/garden exposure regarding pesticide toxicology 4,7. Certain aspects of farming were not
commonly considered when assessing pesticide exposure and health, for example farmers taking
care of livestock, farm-workers rather than farm-owners, and pesticide exposure outside of the
workplace 8–10. Along with the registry of pesticides growing, it is now more common for people
to be exposed to multiple hazardous pesticide active ingredients rather than a single ingredient,
especially farmers11.
Thus, to provide information about the mixtures or combinations of pesticides farmers are
exposed to, clustering is a technique used in our study. Clustering helps to make sense of
complex data by partitioning it into local groupings. Clustering can solve the potential issue in
epidemiologic questionnaires when participant responses may be similar. For example, Su et. al
used clustering to group participants in the healthcare industry based off their use of cleaning
products and asthma-related symptoms2. Furthermore, while several specific pesticides have
been associated with end-stage renal disease and CKD3,12, there are challenges of linking how

9
mixtures or groups of pesticides with kidney function. This study aims to better understand the
linkage between types of pesticide usage and CKD by using a cluster analysis.
The following thesis will outline how questionnaire responses from farmers in the Biomarkers of
Exposure and Effect in Agriculture Study (BEEA) Study can be used to identify distinct
groupings of farmers who use similar pesticides and how those groupings are associated with
kidney function. The first objective aims to apply cluster models in the BEEA study to group
farmers who reported similar pesticide usage, with a particular emphasis on the metrics and type
of pesticide use. The second objective aims to explore how those clusters differ from one another
by using word clouds to signify the different pesticides used in that group of farmers and to use
logistic regression to compare the odds of pesticides being used in a cluster vs. all other clusters.
The third objective examines if the association of kidney function, defined by CKD and eGFR,
varies by cluster. The specific aims are as follows:
Objective 1: Applying cluster models in a study of farmers to examine the impact of varying
metrics and model types on grouping farmers based on reported pesticide usage
1A: Apply cluster models to group farmers who report similar occupational pesticide
usage [type, number of days of use]
1B: Apply cluster models to group farmers who report similar home/garden pesticide use
Objective 2: Explore characteristics that differentiate those clusters.
2A: Use word clouds to visualize prevalence of pesticide and crops in each cluster
2B: Use logistic regression to compare pesticides and crops between all clusters.
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Objective 3: Evaluate whether the association of kidney function varies by cluster. eGFR will be
evaluated as a continuous variable and prevalence of CKD as a dichotomous variable.
Chapters 2 and 3 of the thesis will be separated by type of pesticide use, whether it be
occupational or in the home/garden. In Chapter 2, I will tackle and discuss the cluster models
applied to group farmers who report similar occupational pesticide usage as well as objective 2,
covering objectives 1A, 2A, and 2B. In Chapter 3, I will discuss the cluster models applied to
group farmers who report similar home/garden pesticide use and objective 2 (1B, 2A, 2B).
Chapter 4 will focus on objective 3 and discusses how to incorporate the cluster models with
kidney function in the BEEA population.
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Chapter 2: Applying Cluster Models to Group Farmers with Similar Occupational
Pesticide Usage
Introduction
In occupational and environmental epidemiology, cluster analysis has been used to group a
certain population according to a set of measured characteristics 13. Cluster analysis is particularly
useful since there may be exposure to a mixture of agents in occupational and environmental
studies. There are inherent patterns of exposure in complex survey datasets which can be
identified to find various combinations as risk factors of health complications 2. Pesticide usage is
believed to showcase unique patterns given the crops or livestock farmers cultivate. Mixed
exposures, or in the case of this project, exposure to a mixture of pesticides, may pose the issue
of making inferences about association between specific agents and their health outcome. The
grouping of the BEEA study is necessary since farmers reported the use of multiple pesticides,
suggesting that mixed-pesticide exposure was likely and these exposures would not occur at
random among study subjects13. The cluster analysis done for this chapter will allow for better
characterization of the BEEA study to identify various combinations of pesticide applications in
the workplace.
Methods
2.2.1 Study Population and Recruitment
The BEEA Study is a subset of the Agricultural Health Study (AHS), a prospective cohort study
of approximately 90,000 pesticide applicators in Iowa and North Carolina14. The AHS is a
collaborative effort with the National Cancer Institute (NCI), National Institute of Environmental
Health Sciences (NIEHS), U.S. Environmental Protection Agency (US EPA), and the National
Institute for Occupational Safety and Health (NIOSH) to understand how agricultural, lifestyle,
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and genetic factors affect the health of farming populations. In 2010, BEEA was initiated to
better understand the biological mechanisms underlying agricultural exposures and risk of
various cancers15.
BEEA enrollment began in June 2010 where 1,681 male farmers completed AHS phase 1 (19931997), and follow-ups phase 2 (1998-2003), and phase 3 (2005-2010). These enrollment
questionnaires gathered information regarding the use of specific pesticides, crops grown and
livestock raised, other activities on the farm, use of personal protective equipment, personal
history of medical conditions, family history of cancer, health-related behaviors including
smoking and alcohol consumption, height and weight, and demographic characteristics 15.
Participants were eligible to enroll in BEEA if they were over 50 years old, never diagnosed with
cancer, completed the questionnaires in phases 1-3, primary residence in Iowa or North Carolina,
and did not have a blood clotting disorder 15. This study includes all 1,681 farmers who
completed the questionnaire, as reported information regarding their pesticide usage in the last
12 months and number of days they were used was gathered.
2.2.2 Cluster Model Building
Hierarchical clustering and Ward’s linkage 1,16 was used in similar studies to agnostically partition
farmers into groups with similar pesticide profiles. Similarity of clusters was estimated using the
correlation measure to select the most similar pair of clusters. The decision of using Ward’s
linkage with correlation measure was determined after consideration of past studies1,16, the
characteristics of the BEEA dataset, and exploration of other clustering methods. Ward’s method,
or referred to in this paper and in STATA as Ward’s linkage, is a “bottom-up” hierarchical
clustering approach that chooses pairs of datapoints to merge based on an optimal value in a
function. This minimum variance criterion minimizes the total within-cluster variance at each
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step. Ward’s linkage says that the distance between two clusters, A and B, is how much the sum
of squares will increase when they are merged, and an algorithm minimizes the growth of the
sum of squares. Ward’s linkage is said to be the most suitable method for quantitative variables,
and results when comparing between four hierarchical clustering procedures indicate Ward’s
linkage performed significantly better in terms of accuracy in clustering methods 17. Ward’s
linkage is also known to react badly when outliers are introduced in the data 18, however there
were not many outliers in the BEEA study. Overall, compared amongst all hierarchical methods,
Ward’s linkage is the best for multivariate binary data 19.
The correlation measure indicates the similarity between entities in clusters can be measured by
the correlation of the scores on the dimensions in space 20,21. The correlation coefficient has been
widely used in clustering numerical phenetic studies as a measure of degree of fit of a
classification to a set of data and as a criterion for evaluating the efficiency of various clustering
techniques21,22. Correlation measure is common in biostatistics to assess cluster-based models of
DNA sequences, but in this exposure assessment can be used where the raw data tends to occur
in clusters, for example clusters where there is very little pesticide usage or as a test for nested
clusters21,23. Ultimately the correlation measure was used given that the days of use variable is
continuous as well as our objective of identifying clusters of observations with the same overall
profile, regardless of magnitude.
The BEEA dataset includes 94 pesticide variables that indicate the number of days a pesticide
was used occupationally in the last 12 months. I globally standardized the days of use variable to
reduce variation and reduce the influence of outliers by dividing by the median days the pesticide
was used. For farmers that used pesticides but did not report days of use, I replaced the missing
value with the median number of days all pesticides were used. When all 94 variables were run
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in the model, a dendrogram showed the hierarchical relationship between objects. A past
challenge amongst previous clustering studies was determining how many clusters is ‘enough’
due to the absence of an outcome variable 1. I combined the stopping rules based on statistical
properties as well as using a subjective analysis to identify a sufficient number of clusters due to
our objective 1,24. The Duda–Hart Je(2)/Je(1) index stopping rule is one of the two best rules 18 and
the conventional wisdom for deciding the number of groups is to find one of the largest Duda
values that corresponds to a low pseudo-T2 value. The dendrogram cluster including all the
pesticides days of use variable was created using Ward’s linkage, the correlation measure, and
the Duda stopping rule.
2.2.3 Cluster Exploration
I wanted to explore the characteristics and identify the variables of each group. One way to
visualize complex information with a large number of potentially correlated variables in clusters
is to create word clouds 2. For farmers in each cluster, text was generated using the responses to
the input variables. For example, if a participant in cluster 1 indicated that they used glyphosate,
then the data cell in that row would be filled as “glyphosate”, blank if they did not indicate use.
When the list of keywords was generated, I inputted the file into a word cloud software generator
where it would take the frequencies of the keywords in the list, to create the size of words in the
cloud. A cutoff was used to only show keywords that appeared 5 or more times. This visual
representation is beneficial to examine within-cluster features as it shows the frequency of
certain pesticides in a distinct group. The size of the words can be compared within a word cloud
but not between word clouds.
In order to compare characteristics of clusters between-clusters, a logistic regression was used to
examine the likelihood of a pesticide or crop or animal occurring in that cluster. The associations
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of the clusters with exposure variables such as pesticides, crops, or animals was separately
evaluated using multinomial logistic regressions. The logistic regression gave the odds ratio
(OR) of an exposure occurring in that cluster vs. all other clusters, our reference group.
Results
2.3.1 Descriptive Statistics
The top 10 most reported occupationally used pesticides amongst the entire farming population
are shown in Table 1. The most used pesticide in the last 12 months was glyphosate as 972 out of
the 1,681 farmers indicated using the pesticide. The average number of times it was reported to
be used if it was used was 10 days. The remaining 84 occupationally used pesticides were
reported to be used by less than 9% of the farmers, thus showing the range of pesticides that
were used were dominant by a select few. Most pesticides were used sparingly with low
prevalence and frequency.

Table 1: Top 10 pesticides reported over the last 12 months and the average number of days the pesticide was used,
if the farmer used the pesticide (1,681 farmers)
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2.3.2 Dendrogram
Using the table that was generated with the stopping rule, shown in Table 2, the optimal number
of clusters I chose was six clusters. That cut-off had the third lowest pseudo T2 but highest
Je(2)/Je(1). Table 2 also shows potential candidates with 12 and 15 clusters, but I chose the
lowest of the number of clusters for simplicity.

Table 2: Duda-Hart stopping metrics for dendrogram of occupational clusters

A dendrogram is a diagram that shows the hierarchical relationship between objects and is a
good visualization of hierarchal clustering in a dataset 25. Six clusters were identified as shown in
Figure 1. The dendrogram considers how the six groupings relate to each other. For example,
participants in group 1 (G1) are at a much higher cut-off similarity measure than other groups,
suggesting cluster 1 is the most distinct from the other clusters. This cluster was the largest
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group, representing 516 of the 1,681 farmers. G2 and G3 are the clusters deemed most similar by
the clustering algorithm, and G5 was the smallest with only 63 farmers clustered.

Figure 1: Dendrogram of a pesticide days of use cluster model. Using ward’s linkage, correlation
measure, and Duda stopping rule, six clusters were identified.

2.3.3 Word Clouds and Logistic Regression
The word clouds in Figure 2 help visualize the within-cluster features whereas the logistic
regression compares prevalence between-clusters. To maximize spacing, variables were only
included if they were >10% the size of the cluster. As I look at cluster 1, the results from the
word cloud show that no pesticides were used in that cluster. Cornfield (n=150) and soybeans
(n=140) were the most frequently farmed crops. Because there were no pesticides used in this
group, a logistic regression was not shown. An analysis also showed that the majority of the
farmers in the group were not active farmers (did not farm in the last 12 months). Cluster 2 is a
more complex group as I start to see pesticides showing up in the word clouds. Glyphosate
(n=183), 2,4-D (n=155), Picloram (n=80), and Brodifacoum (n=68) were the most used
pesticides.
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Figure 2: The word clouds show the pesticides, crops, and animals most prevalent in each cluster. The logistic regressions show the pesticides, crops, and
animals more or less likely to be found in that cluster vs. all other clusters.
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Cluster 2 also shows eight significant variables in the logistic regression. Permethrin (OR=2.74,
95% CI: 1.74, 4.32), brodifacoum (OR=4.79, 95% CI: 3.15, 7.27), cyfluthrin (OR=4.18, 95% CI:
2.66, 6.57), and bromadiolone (OR=3.51, 95% CI: 2.03, 6.06) were pesticides found to be
significantly more likely in cluster 2 than all other clusters, as evidenced by their OR greater than
1. Interestingly even though it was the most frequently used pesticide in the cluster group,
glyphosate (OR=0.59) was found to be significantly less likely to be used in cluster 2. Other
notable variables from Figure 2 include atrazine as a frequently used pesticide in the word cloud
(n=147) and being reflected as a pesticide more likely to be used in that group (OR=2.91). The
distinction between the word clouds and logistic regression are helpful, one is not a substitute for
another. The homogeneity in the word clouds is due to how prevalent some pesticides and crops
were. Visually, it is easy to see the most major variables contributing to the cluster, for example
glyphosate and cornfield dominate most of the word clouds, but they don’t show up as frequently
in the logistic regression. It is in our logistic regression that shows certain characteristics are
more likely to be found in one cluster than all others. While dairy is less frequently farmed in
group 5 compared to crops such as cornfield and soybeans, dairy is significantly more likely to
be used in that cluster (OR=18.26) but that may have been missed if I just looked at the word
cloud.
Discussion
The results from the 94 occupationally used pesticides give us a better understanding of the
BEEA population. I see that two pesticides, glyphosate and 2,4-D, were used by 50% or more of
the population and some pesticides were used a substantial number of days more than other
pesticides. The cluster methods develop into a visual representation through the dendrogram,
where the biggest driver in clustering the model was whether farmers used pesticides. This is
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distinguished as cluster 1 differed from all other clusters due to no pesticide usage. The word
cloud shows substantial homogeneity between clusters due to the dominance of a select few
pesticides and crops. For example, glyphosate was used by 58% of farmers and showed up as a
dominant word in four clusters, a good visualization of within-cluster characteristics. The logistic
regressions run afterward demonstrated that certain characteristics were more likely to be found
in one cluster vs. all other clusters. It was a useful modeling approach in this homogenous
population as comparisons between different clusters could be made.
This chapter collected the information gathered from the BEEA questionnaire and built
clustering models to better characterize the BEEA population. The clustering methods were able
to estimate the effect of mixed pesticide exposures and the techniques such as word clouds and
logistic regressions helped to explore the contents and distinguishing features of a cluster. This
chapter demonstrated that the combination of hierarchical clustering, word clouds, and logistic
regression is a useful approach to deal with a complex dataset including a large number of
correlated variables. In future chapters, I will build upon the methods laid out in this chapter in
order to explore the use of pesticides in the home and garden in the BEEA study, described in
chapter 3. The clusters will then be examined in chapter 4 to see if there is an association with
the farming clusters and kidney function.
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Chapter 3: Applying Cluster Models to Group Farmers with Similar Home & Garden
Pesticide Usage
Introduction
Even though the BEEA study was conducted within a farming population, the data collection and
analysis may have importance for larger populations. In the National Health and Nutrition
Examination Survey, the majority of the U.S. population with no occupational exposure to
pesticides displayed detectable levels of various pesticide metabolites in their urine 26,27. Some of
this may be due to home pesticide use. The majority of U.S. household either use or store one or
more pesticides in their home 28,29. In the farming population, we think occupational pesticide use
is the dominant route of exposure, however they might also be exposed through their own
application or other residential application in and around the home. Home and garden pesticide
use could then contribute to their health risk and because it’s used residentially, farmers may
have longer exposure time window. Given that less pesticides would be used in the home,
occupational use may be more of a contributor to decreased kidney function, but it is worth
checking to see in the home and garden pesticides. In this chapter, I will complete the aims of
objectives 1 and 2 but use the home and garden pesticide variables instead (Objective 1B, 2B).
Methods
3.2.1 Model Building
The study population is the exact same as what was described in chapter 2. The same farming
participants filled out questionnaires indicating their home and garden pesticide usage . Taking
the farmers last visit, I used all 145 home and garden pesticides in the cluster models. However,
rather than using the days of use variable for the pesticides, I used the indicator variable since the
days of use variable for home/garden pesticide use is not available. The indicator for personally
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applied pesticides is a dichotomous, yes/no variable stating whether or not the farmers used the
pesticide in the last 12 months. This required us to change the similarity measure used in the
cluster model from correlation to matching. According to the STATA manual, a matching
measure is much better suited for binary variables. Because I used the indicator variable, I did
not have to globally standardize. The Duda-Hart stopping rule was used again to determine the
optimal number of clusters.
3.2.2 Model Exploration
The process generating the text of keywords for the word clouds was the same. However, there
was no cutoff included in the word clouds as some pesticides were only seen to be used by one
farmer in the cluster. When creating the logistic regression models for each cluster, there were
convergence issues that required us to omit pesticides, crops, and animals that weren’t used in
the cluster.
Results
Dendrogram
Table 3 was generated with the stopping rule suggesting
seven clusters was an optimal number of clusters. The
Je(2)/Je(1) value was the highest, 0.8967, and still had a
relatively low Pseudo T2 value. One could have very well
chosen another cluster cutoff such as six or nine.
The dendrogram of the 145 home and garden pesticides
using the indicator variable showed that group 1 included
pesticide usage, thus it wasn’t totally separated from the
other groups in the dendrogram. It was harder to see
Table 3: Duda-Hart stopping metrics for dendrogram
of home and garden clusters

23
differences between the groups just from the dendrogram as they were fairly evenly spaced with
similar cut-off similarity measures around -0.25.

Figure 3: Dendrogram of home & garden indicator cluster model. Using ward’s linkage, matching
measure, and Duda stopping rule, seven clusters were identified.

3.3.1 Word Clouds and Logistic Regression
Similarly, to the results of the word clouds in chapter 2, the predominant pesticide that is
visualized in the home and garden clusters is glyphosate. Glyphosate was widely used in group 1
(n=303), the next closet pesticides were brodifacoum (n=78) and 2,4D (n=75). The logistic
regression of group 1 showed 18 pesticides that were significantly more likely or less likely to
show up in group 1. Permethrin for crops was significantly more likely to show up in group 1
than all other groups (OR=6.68). That aligns with the word cloud because group 1 was the only
group where permethrin showed up in the top 10 most used pesticides (n=35). The high
frequency of glyphosate (OR=2.22) and brodifacoum (OR=2.95) use was also reflected in the
logistic regression as they were more likely to be used in group 1. Noticeable pesticides that
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were less likely to be used in group 1 include 2,4-D (OR=0.01), picloram (OR=0.016), carbaryl
(OR=0.026), and acephate (OR=0.031). In group 2, while carbaryl was the most frequently used
pesticide (n=145), the logistic regression only showed three statistically significant pesticides
that were less likely to be used in group 3. They include triclopyr (OR=0.0028), brodifacoum
(OR=0.0031), and diazinon (OR=0.01398). The logistic regression plots for groups 5 and 6 were
omitted due to strong collinearity and convergence in the two groups. Almost all of the farmers
in group 5 used 2,4D (n=94) and dicamba (n=93) which dominated the model. That is similarly
seen in group 6 with pyrethrins (n=224) and piperonyl butoxide (n=212).

Figure 4: Word clouds and logistic regressions of home and garden pesticides found in the clusters.

Group 1
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Group 2

Group 3
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Group 4

Group 5

Group 6

Logistic regression not shown due to no significance from convergence and omissions by collinearity
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Group 7

Discussion
This chapter gives us a better insight on how the 145 home and garden pesticides can be
clustered in the BEEA population based on a yes/no variable. Similar to results seen in chapter 2,
I can visualize that there are predominant pesticides such as glyphosate that are widely used in
the home. Similar to the homogeneity seen in the occupational pesticide use analysis, the home
and garden clusters were dominated by a few pesticides. However, there are some groups such as
groups 5-7 where another pesticide is the driving variable leading to it distinguishing itself from
other groups. There were a very few crop or animal variables that predicted belonging to a
cluster, but that was not surprising as crops and animals are not treated or related to pesticides in
and around the home. Building off the previously established methods, I can incorporate the
clusters into existing BEEA kidney related data to see if certain clusters are associated with
decreased kidney function.
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Chapter 4: Evaluating the Association of Kidney Function by Cluster
Introduction
More than 37 million US adults are burdened with chronic kidney disease (CKD), a progressive
disease where the kidneys become damaged and cannot filter blood and detoxify toxins entering
the body 30,31. CKD is defined as having decreased kidney function with a glomerular filtration
rate (GFR) of less than 60 mL/min per 1.73 m 2, or markers of kidney damage of at least 3
months31. If left untreated, people with CKD face other health related problems such as high
blood pressure, heart disease, stroke, and early death 30. As CKD worsens over time, it can lead to
the progression of end-stage renal disease (ESRD). Exposure to certain pesticides have been
linked to CKD development as well as the progression of CKD to ESRD 3. Researchers in the
Division of Cancer Epidemiology and Genetics (DCEG) at NCI observed that lower eGFR was
found among pesticide applicators who ever used the herbicides pendimethalin, atrazine, and
dicamba compared with never users of each pesticide3. Pendimethalin (OR=1.6) and atrazine
(OR=1.8) was also associated with elevated odds of CKD 3. This is important information that I
hope to expand upon in this chapter by including clusters of farmers. As mentioned, clustering
will allow us to think more broad than specific pesticides contributing to decreased kidney
function. Looking at cluster association will help incorporate mixtures and combinations into our
analysis. Farmers use multiple pesticides which makes it difficult to understand pesticide
exposure and its contribution to CKD development. To better evaluate our understanding of the
association between pesticide exposure and lower eGFR and higher CKD prevalence, the
occupational and home and garden clusters I developed in Chapters 2 and 3 are used in an
association with eGFR and CKD.
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Methods
4.2.1 Kidney Function Assessment
Serum was measured in 1,545 BEEA participants who had no evidence of lipemia or hemolysis 3.
Their serum was collected from a trained phlebotomist and samples were shipped and stored at 80 ℃3. The serum creatinine was measured at the Memorial Sloan Kettering Cancer Center for
quality assessment3. To assess kidney function, researchers calculated eGFR using the CKD-EPI
creatinine equation, which takes into account age and sex as surrogates for non-GFR
determinants of serum creatinine 3,32. The CKD-EPI creatinine equation is said to introduce less
bias and improve accuracy for estimating the burden of CKD and eGFR in the United States32.
The CKD variable was created as a dichotomous outcome from the calculated eGFR and defined
as participants with an eGFR <60 mL/min/1.73 m 2 as having CKD33.
4.2.2 Statistical Analysis and Incorporating Cluster Models
The cluster groupings from chapters 2 and 3 were used to evaluate an association between the
clusters and kidney function. Kidney function was assessed as the natural log-transformation
eGFR (continuous) and CKD status (yes/no) 3. Models regressing on occupational pesticide use
and home and garden pesticide use were assessed separately. To estimate differences in mean
eGFR among the cluster groups, I used a multivariate linear regression. To estimate the odds
ratios of CKD status across the clusters, I used a multivariate logistic regression. All models
were adjusted for age, race, state of residence, BMI, diabetes, hypertension, alcohol
consumption, and smoking status.
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Results
Analysis of kidney function included a total of 1545 BEEA participants, of which 204 were classified as having CKD. Participants
with CKD and decreased eGFR were more likely than those without CKD to report known risk factors for diminished kidney function
such as increased age, history of hypertension, and diabetes. There did not seem to be many statistically significant differences in
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kidney function among groupings in the occupational pesticide clusters (Table 4). Group 5, a group highlighted by its heavy use of
pyrethrins (n=63) and piperonyl butoxide (n=57) may show slight significance of elevated eGFR (0.067, 95% CI: 0.000, 0.124). The

32
logistic regression in group 5 shows that farmers in this cluster are less likely to use mesotrione
and more likely to farm dairy. When examining CKD among those clusters, the odds of CKD
were not statistically significant to make a conclusion. When using the home and garden
pesticides to find an association with kidney function, two groups showed statistical significance
(Table 5). Group 4 showed heavy use of residential 2,4-D, picloram, and triclopyr use and was
associated with elevated eGFR (0.043, 95% CI: 0.002, 0.083). A similar estimate was seen in
group 6 (0.046, 95% CI: 0.009, 0.083) and that group was also characterized with pyrethrins and
piperonyl butoxide, comparable to group 5 in the occupational clusters. No statistical
significance was seen with any of the cluster groupings and CKD status.
Discussion
The use of cluster models on questionnaire responses is a novel approach and it was used for the
first time to evaluate changes in kidney function in farmers with a wide range of pesticide use.
Even though many of the groups did not show statistically significant findings, our approach of
considering entire clusters with associations to kidney function can be compared to the approach
that investigates specific pesticides. Some groups have high use of herbicides pendimethalin,
atrazine, and dicamba so further analysis may be warranted. The BEEA population didn’t see
much association with the clusters and kidney function, which suggests that the broad groupings
identified using cluster models based on prevalence and similarities was not associated with
kidney function. The commonalities of the clusters were difficult to disentangle because of
homogeneity within the population for the most prevalent pesticides. The results may be
different if there were more different geographical differences. Nevertheless, further
investigations with exposure clusters to examine pesticide mixtures are needed to elucidate the
potential mechanisms in through which mixtures may be associated with kidney disease.
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Chapter 5: Conclusion
5.1 Strengths and Limitations
The methodology in this thesis is a novel approach in exposure assessment, and one that may be
used in future epidemiologic designs. This study applied hierarchical clustering for data
reduction in pesticide exposures from questionnaire data but can be translated into other datasets.
The era of Big Data makes data clustering very valuable as there is so much complex
information that it is necessary to partition data into local groupings. This project collected
comprehensive information on pesticide use among a large population of farm workers and
estimated the effect of mixed exposure on kidney health. This approach better represents the
reality of a health status as multiple factors are occurring together and exposure scenarios as
people are often exposed to a mix of chemicals. My project also uses data clustering as much as
an exploratory technique as well as a descriptive analysis technique. Clustering could identify
subgroups for us to further analyze. With the use of word clouds used to characterize participants
behaviors in the resulting clustering, I was able to visualize predominant features within the
cluster as well as find overlapping information among clusters. Logistic regression models were
generated to characterize how features in a cluster are more or less likely to appear in that cluster
than other clusters, allowing for between-cluster comparisons. The methods developed in the
study demonstrated that the combination of hierarchical clustering, word clouds, and logistic
regression was a useful approach to deal with a complex dataset with correlated variables.
The thesis also incorporates a kidney health analysis with the clusters I generated in chapters 2
and 3, which is also a strength of the project. Although I did not see many significant
conclusions, it is important to consider that the use of clusters in models is a hypothesis
generating project rather than a hypothesis testing one. The kidney function analysis allows us to
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elucidate how the cluster groupings differ in health outcome. If they do then I can highlight how
the clusters differ from one another and what distinguishes them, helping us qualitatively and
quantitatively explain mixed exposures. If I don’t see cluster groupings differ in outcome, then I
can explore why as well. It may be because the study population is homogenous, or the variables
that were clustered together were not distinct enough – both of which may be potential
limitations in this thesis.
The pesticides that I included in the clusters only signify use in the last 12 months. The recent
use may not be as strong an indicator of kidney function than long-term or lifetime pesticide use.
There were also other challenges with some of the logistic regression models converging. One of
the limitations of objectives 2 and 3 are that some variables in the clusters had such low
prevalence and were correlated with other variables so they had to be dropped from the model.
These cases may be difficult to disentangle because pesticides are tied to certain crops and
animals.
5.2 Future Directions
These a posteriori findings require repeat investigations and trials for confirmation in future
studies. The methods can be modified and developed in other epidemiologic questionnaire
studies. However, for the BEEA study, I could combine occupational and home and garden
pesticides in the methods and create one set of clusters. Then to analyze kidney association I use
a singular set of clusters that represent total pesticide exposure. One challenge of this is that
home and garden pesticides have a lot of variables but low prevalence. Another addition to this
design is to characterize pesticides rather from their recent use in the last 12 months to lifetime
pesticide use. Long-term exposure is better suited for chronic health outcomes.
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Other ways to parameterize the study is to run multiple cluster models that give us a deeper layer
of information. This can be developed in chapter 4 when I compared all the cluster groupings to
cluster 1 as a reference. It may have been more effective to run the regression models similarly to
the logistic regressions in chapters 2 and 3, where I would look at the risk of CKD belonging in
that cluster compared to all other clusters. I may also find more differences in kidney function
association between groupings by doubling the number of clusters to allow for more specificity.
Cluster models could also be compared based on different similarity measures and examining the
differences in those models could provide better insight on the groupings. These are all
suggestions I can provide for future directions of this study and ones researchers can bring to
their own exposure clustering projects.
This thesis completes the three aims outlined in the introduction. Using the metrics gathered
from the BEEA farmers, I can apply cluster models to group them based on pesticide use. This
was an effective method given pesticide exposure combinations are frequent and variables in
questionnaires may be correlated. Exploring the characteristics that comprise the clusters was
also done through word clouds and logistic regression. I was also able to see if there are
associations between the clusters I generated and kidney function. The hypothesis generating
methods will help explore future directions regarding cluster modeling, pesticide exposure, and
kidney function.
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